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Introduction
The Basel II framework (Bank for International Settlements, 2006) requires banks to set aside a minimum amount of regulatory capital to cover potential losses arising from their exposure to mar ket risk, credit risk, and operational risk. Market risk is the risk of losses on positions in equities, interest rate related instruments, currencies and commodities due to adverse movements in market prices. The capital requirement (CR) for market risk is based upon estimates of the Value at Risk (VaR), defined as the maximum loss on the bank's positions in these assets that could occur over a given holding period with a specified confidence level. Recent changes in the Basel II regulations establish an additional CR based upon a stressed VaR (sVaR), which reflects the risk on the bank's current portfolio if the relevant market factors were experiencing a period of stress; see Bank for International Settlements (2009) .
Basel II allows banks to use 'internal' models to measure their VaR and sVaR, as an alternative to the standardized approach de scribed in the accord (Hendricks and Hirtle, 1997) . This standard ized approach is known to render conservative VaR estimates, leading to excessively high CR. From the banks' perspective this is undesirable given that regulatory capital involves an opportunity cost as it cannot be used for other, profitable purposes. Hence, it is attractive for banks to attempt to lower their capital charges using their own risk management system. The empirical evidence pre sented by Pérignon et al. (2008) suggests that the use of internal models indeed is widespread among large financial institutions.
Although internal risk measurement systems are subject to supervisory approval based on qualitative and quantitative stan dards, banks enjoy a large degree of freedom in devising the pre cise nature of their models. This flexibility does not, however, imply that banks are tempted to pursue the lowest possible VaR estimates. This is due to the fact that the relation between the VaR estimates and capital requirements is non monotonic, as it takes into account not only the magnitude of the VaR but also the number of VaR violations (i.e. actual losses exceeding the VaR) in the recent past. Specifically, the regulatory capital required to be held on day t + 1 is determined as the maximum of the current VaR estimate and the average VaR over the preceding 60 business days multiplied by a scaling factor, that is, CR tþ1 max VaR$ t ðh; aÞ; ð3 þ kÞ Â VaR$ t;60 ðh; aÞ
where VaR$ t (h, a) is the estimate at day t of the VaR for a holding period of h days at confidence level a 2 (0, 1) and VaR$ Settlements (2006, paragraph 718 (Lxxvi) ). 1 The penalty or ''plus'' k in the multiplication factor in (1) ranges between 0 and 1. Its exact value is determined by the number of VaR exceedances during the last 250 business days, as shown in Table 1 . During the financial crisis of 2007/2008, losses in most banks' trading books have been substantially larger than the VaR based minimum CR determined according to (1). In response, the Bank of International Settlements (BIS) released a set of modifications to the existing regulatory framework regarding market risk; see Bank for International Settlements (2009) . Among the main adjust ments are the introduction of the sVaR and a corresponding new CR formula that leads to higher CR levels. The new CR formula is CR tþ1 max VaR$ t ðh; aÞ; ð3 þ kÞ Â VaR$ t;60 ðh; aÞ n o þ max sVaR$ t ðh; aÞ; ð3 þ kÞ Â sVaR$ t;60 ðh; aÞ
where sVaR$ t (h, a) is the estimate at day t of the sVaR for a holding period of h days at confidence level a 2 (0, 1) and sVaR$ t;60 ðh; aÞ 1 60 P 59 j 0 sVaR$ t j ðh; aÞ. The new regulations state that the backtesting results applicable for calculating the penalty parameter k are based upon estimates of the VaR only and not on the sVaR. Finally, no par ticular methodology is prescribed for computing the sVaR, except that it should reflect the VaR of the bank's current portfolio under extreme adverse market conditions. We discuss in Sections 2.1 and 3.4 alternative approaches to obtain the sVaR. The expressions for the CR in (1) and (2) seemingly suggest that lower capital charges could be achieved by lower VaR (and sVaR) estimates. This, however, need not be the case as lower VaR esti mates are possibly violated more often, thus increasing the regula tory capital through the effects of the penalty factor k. Apart from direct costs due to the larger amount of capital that needs to be put aside, this may also bring indirect costs by damaging the bank's reputation. Both types of costs become particularly severe when the red zone is entered, that is, when ten or more VaR violations occur during a period of 250 business days. In that case, the bank may be forced to adopt the Basel accord's standardized approach for VaR estimation. As noted before, this approach is known to ren der conservative VaR estimates, leading to excessively high CR. In addition, the ban of the bank's internal models obviously has det rimental effects on its reputation.
In practice, banks appear to be wary of being overly optimistic about their level of market risk during tranquil periods. In fact, empirical evidence presented by Berkowitz and O'Brien (2002) , Pérignon et al. (2008) and PTrignon and Smith (2010) suggests that they systematically overestimate their VaR. For instance, Berkowitz and O'Brien (2002) document that the number of violations of VaR estimates of six large US banks is usually lower than expected. Similarly, Pérignon et al. (2008) report that for VaR estimates at the 1% level of the six largest Canadian banks there are only two violations during the 7354 trading days analyzed, whereas the ex pected number is 74. The opposite situation seems to occur in times of stressed market conditions. During the 2007/2008 finan cial crisis, banks systematically underestimated their VaR and their level of market risk; see Bank for International Settlements (2009) . This alternation of over and underestimation of market risk levels may, at least to some extent, be due to the fact that VaR measures typically are calibrated using historical data. Following a period of calm in financial markets, the VaR estimates and the accompany ing CR can decline to low levels, but then they might underesti mate risk during a period of stress that lies ahead. In fact, one of the main motivations for the introduction of the sVaR in the amendments to the Basel II accord is to reduce the procyclicality of the minimum CR. In addition, European regulatory institutions performed a number of stress tests to assess the resilience of the banking system to absorb shocks on credit, market and sovereign risks and introduced further modifications in the regulatory frame work; see Committee of European Banking Supervisors (2010).
The exaggeration of banks' own level of risk during normal times implies an excessive amount of regulatory capital, directly affecting the profitability of the bank. Another, at least as undesir able consequence is that such banks appear more risky than they actually are, thus generating reputational concerns about their risk management systems. Similarly, the underestimation of banks' own level of risk during times of stressed market conditions may lead to insufficient amount of regulatory capital to cover potential losses in the trading book, thus increasing the risk of bankruptcy. This affects investors' perception and can induce underinvestment in VaR overstating and VaR understating banks. Indeed, Jorion (2002) shows that VaR disclosures are informative about the future variability in trading revenues, thus corroborating the idea that analysts/investors may be using the VaR measures to support investment decisions.
In this paper we put forward a novel portfolio construction methodology to overcome the drawbacks of both over and under statement of a bank's VaR. Specifically, we propose to determine optimal portfolio weights by directly minimizing the CR subject to a restriction on the number of VaR violations during the preced ing year (250 business days). Implicitly, our approach aims to find the optimal balance between the level of VaR measures and the number of VaR violations, thus leading to the lowest possible level of CR.
Although minimizing CR is an important criterion to take into account, in real world situations portfolio managers and investors traditionally decide upon their asset allocations by considering standard performance measures, such as expected returns or Sharpe ratios. In addition, portfolio weights often are restricted in order to avoid shortselling or to limit the exposure to individual assets. For this reason, we consider a general formulation of the portfolio construction problem in which the optimal portfolio com position is found by minimizing the level of CR subject also to a gi ven (i.e. user specified) target performance and to direct constraints on the portfolio weights.
We apply the proposed methodology to two different asset portfolios: (i) a mixed portfolio composed of 30 futures on a variety of assets including equities, bonds, commodities and currencies, and (ii) an equity portfolio comprising 48 US industry indices. The minimum capital requirement (MCR) portfolio is compared to various benchmark portfolios, including the minimum VaR portfo lio (Alexander and Baptista, 2002) , the minimum sVaR portfolio, and the equally weighted (1/N) portfolio. In our empirical analysis we pay particular attention to the consequences of the introduc tion of the sVaR based CR. For this purpose, in addition to 'normal' market conditions we consider several alternative, realistic scenar ios in which expected returns, volatilities and cross correlations are modified to reflect a stressed environment. Furthermore, we consider different models for obtaining forecasts of expected returns, volatilities and correlations, which are crucial inputs for the asset allocation decisions. We also examine the robustness of our results to the specific restrictions imposed on the portfolio's target rate of return and the re balancing frequency.
The results for the futures portfolio indicate that our approach delivers lower CR levels in comparison to the benchmark portfo lios. For the portfolios of sector indices, the novel portfolio construction approach delivers a better balance between CR levels and the number of VaR violations, as it yields a lower average number of VaR exceedances. For both data sets, we find that the number of VaR violations under the MCR portfolio policy does not enter the red zone in any of the (normal and) stress scenarios regardless of the specifications used for forecasting volatilities and correlations. This is in sharp contrast to the benchmark portfolios, for which we frequently find more than ten VaR violations. Finally, the performance of the MCR portfolios in terms of risk adjusted returns and portfolio turnover is generally superior to the mini mum VaR and minimum sVaR portfolios.
Our proposed methodology differs in important ways from pre vious, related research. First, in order to achieve the goal of lower CR, one possibility is to develop a VaR model that delivers lower levels of capital charges, as proposed recently by McAleer et al. (2010) , for instance. Using the terminology of Christoffersen (2009) , this approach can be considered a risk measurement or passive risk management approach, since it is applied to a given (i.e. predetermined) portfolio composition. Alternatively, in this paper, we propose to perform active risk management by deciding on the portfolio allocations themselves to attain lower levels of CR.
Second, portfolios with low levels of CR may be obtained by imposing constraints on the amount of CR or on the portfolio VaR, as in Sentana (2003) , Cuoco and Liu (2006) and Alexander et al. (2007) . In our approach, the level of CR plays a much more central role as it is taken to be the objective function that should be minimized.
The remainder of the paper is organized as follows. In Section 2 we describe the procedure to obtain optimal portfolios with mini mum CR subject to restrictions on the number of VaR violations. In Section 3 we present the empirical applications. We conclude in Section 4.
Portfolios with minimum capital requirements
The main ingredient required to obtain optimal portfolios with minimum capital requirements is a measure of the VaR and of the sVaR. Therefore, in Section 2.1, we first describe the procedure for obtaining VaR and sVaR estimates considered in this paper. In Sec tion 2.2, we then develop the optimization problem that leads to the construction of MCR portfolios.
VaR and sVaR estimation
Denote by R t+h = (r 1,t+h , . . ., r N,t+h ) 0 the vector of h period returns (between t and t + h) of the N assets included in the portfolio. The portfolio return is given by r p;tþh w 0 t R tþh , where w t is the vec tor of portfolio weights to be determined at time t. The portfolio VaR at time t for a given holding period h and confidence level a is given by the a quantile of the conditional distribution of the portfolio return. Thus, VaR t ðh; aÞ F 1 p;tþh ða=100Þ, where F 1 p;tþh is the inverse of the cumulative distribution function of r p,t+h . Throughout the paper we focus on the portfolio VaR for a holding period of h = 1 day at a = 1%. The latter is the relevant confidence level that banks must adopt in computing their risk exposure. As mentioned before, the Basel accord requires the use of VaR esti mates for a holding period h of 10 days, but it allows these to be computed from VaR estimates for shorter periods by using the square root of time rule. Therefore, from now on, we omit the arguments h and a from the definition of the VaR.
When the distribution of returns is expressed in terms of its two first conditional moments, the portfolio return can be represented as r p;tþ1 l p;tþ1 þ r p;tþ1 z p;tþ1 ; 
where q is the a quantile of the distribution of z p,t+1 .
The novel CR specification in (2) requires the estimation of the sVaR. As mentioned before, the sVaR is similar to the 'normal' VaR, except that it should measure the risk of extreme losses if the rel evant market factors were experiencing a period of stress. Accord ingly we define the sVaR as:
where l p;tþ1 w 0 l tþ1 , r p;tþ1 ðw 0 e H tþ1 wÞ 1=2 , and l and e H are the vector of stressed conditional expected returns and the stressed conditional covariance matrix, respectively. The amendments to the Basel accord do not provide specific implementation details concerning the stress scenarios, except that they should typically involve lower expected returns, higher volatilities and more ex treme correlations. In Section 3.4 we discuss the specification of alternative stress scenarios used in the empirical analysis.
The VaR definition in (6) requires estimates of the conditional expected returns l t+1 , the conditional covariance matrix H t+1 and the quantile q or, more generally, the distribution of the standard ized unexpected returns. For each of these three inputs, both non parametric and parametric specifications may be adopted. Given that in this paper we focus on high dimensional portfolios consist ing of a large number of assets N, parametric specifications may be more appropriate. In this case, the expected returns may be ob tained from linear (vector) autoregressive [(V)AR] models as well as nonlinear models (Carriero et al., 2009; Pesaran et al., 2009; DeMiguel et al., 2010) . Similarly, alternative specifications for the conditional covariance matrix H t+1 can be considered, including multivariate GARCH models (see Bauwens et al. (2006) and Silvennoinen and TerSsvirta (2009) Finally, it is worth noting that the MCR portfolio construction methodology developed in the remainder of this Section is inde pendent of the method used to obtain the VaR and sVaR measures. However, and perhaps obviously, we may expect that more accu rate modeling of the expected returns and conditional covariance matrix leads to improved portfolio characteristics.
MCR portfolios
The problem of constructing an MCR portfolio consists of find ing the vector of portfolio weights w that minimizes the capital charges subject to a restriction on the number of VaR exceptions during the previous 250 trading days and other constraints. We now describe the objective function as well as the restrictions in volved in the optimization problem in more detail.
Objective function
The objective function for constructing an MCR portfolio con sists of minimizing the amount of regulatory capital given by the 'original' Basel II formulation in (1) or by the 'new' specification in (2). To save space we focus on the latter, noting that it is straightforward to formulate an analogous objective function using the CR formula in (1). For the sake of convenience, we rephrase the function given in (2) in terms of the VaR and the sVaR expressed in portfolio returns. Using the VaR and sVaR definitions in (6) and (7) and the expressions for the conditional mean and variance of the portfolio returns in (4) and (5) 
In the first (second) term of (8), we take the maximum of minus the current VaR (sVaR) estimate and the average over the previous 60 business days. Note that for computing the average VaR and sVaR over the previous 60 business days we need the historic one step ahead forecasts for (i) the conditional mean and for the stressed conditional mean, l t+1 j and l tþ1 j , and (ii) the conditional covariances and the stressed conditional covariances, H t+1 j and e H tþ1 j , for j = 0,. . ., 59. Even more important to note is that the average VaR and sVaR are hypothetical, in the sense that they are based on the portfolio with the weights that are currently deter mined for day t + 1.
Restriction on the number of VaR violations
A VaR violation occurs when the portfolio return on a given trad ing day falls below the VaR estimate. This can be characterized by means of an indicator function, 1(w 0 R t+1 < w
q), which takes the value 1 when the argument is true, i.e. when a VaR violation occurs on day t + 1. We restrict the number of VaR exceedances over the last 250 trading days to be less than or equal to a certain threshold d, that is, we impose the restriction
The value of d can be chosen by taking into consideration the penalties reported in Table 1 . For instance, if we intend to avoid the number of VaR violations reaching the red zone, we should set d = 9. Similar to the average VaR and sVaR over the previous 60 business days in (8), the number of VaR violations over the previous 250 days in (9) is hypothetical, in the sense that it is based on the portfolio with the weights that are currently deter mined for day t + 1.
2 It is also important to note that we include a restriction on the number of VaR violations and not on the num ber of sVaR violations. This is in line with the current regulations, which establish that backtesting results applicable for calculating the penalty parameter k in (2) are based upon estimates of the VaR only and not on the sVaR; see Bank for International Settle ments (2009).
Target performance
In many practical situations involving portfolio selection, inves tors and portfolio managers are interested in achieving a certain target performance. For that purpose, we incorporate the following restriction on the expected portfolio returns:
where N denotes the desired target performance. Note that alterna tive specifications for restrictions on the target performance can be considered, such as a constraint on the Sharpe ratio, on the portfolio turnover, or on the tracking error; see Cornuejols and Tütüncü (2007) .
Constraints on the portfolio weights
Finally, restrictions often are imposed on the portfolio weights to avoid short selling or to achieve a minimum diversification le vel. Previous research has shown that imposing such constraints may substantially improve performance, mostly by reducing risk, see Jagannathan and Ma (2003) , among others. For this reason, we allow for a general set of constraints on the portfolio weights, formulated as w 2 X; ð11Þ where X represents the set of allowable portfolio weights as de fined by the specific restrictions that are imposed. For instance, if short selling is to be avoided, we may specify the restriction w P 0. Similarly, a certain level of diversification may be guaran teed by imposing an upper bound on the individual portfolio weights, i.e. w i 6 u for some 0 < u < 1.
3 Finally, we may achieve full investment by restricting the portfolio weights to sum up to 1, i.e. i 0 w = 1, where i is a vector of ones.
The optimization problem as formulated in (8) (11) is very gen eral as it allows (i) different econometric specifications for the ex pected returns and for the conditional covariance matrix, (ii) different threshold levels for the maximum number of VaR viola tions, (iii) different types of restrictions on the target performance, (iv) alternative stress scenarios for the computation of the sVaR, and (v) various different constraints on the portfolio weights.
2 Of course, the ex-post evaluation of the portfolio in terms of the number of VaR violations and capital requirements is based on actual portfolios, therefore in accordance to the criteria established by Basel II. Further implementation details are discussed in Section 3.5.
3 DeMiguel et al. (2009a) recently proposed a unifying approach based on constraints of the portfolio norms that nests several commonly applied restrictions as special cases, including the no-shortselling and diversification constraints.
Albeit very general, the formulation in (8) (11) has a major short coming: the objective functions in (8), and the restriction on the number of VaR violations in (9) are both discontinuous and non convex due to the presence of the max operator and the indicator function, respectively. Note that the non convexity imposes impor tant difficulties in terms of computational effort and a potential problem of local minima; see Nocedal and Wright (1999) , Boyd and Vandenbergue (2004) . For this reason we next formulate a convex and continuous approximation to the original problem for which a highly accurate solution can be obtained with low compu tational effort.
A convex and continuous reformulation 2.3.1. Reformulating the objective function
In order to obtain a continuous and smooth objective function, (8) can be reformulated by introducing artificial variables to get rid of the max operator. Specifically, the objective function in (8) 
thus yielding a continuous and convex expression. Note that the attractiveness of the reformulation in (12) is that it replaces the minimization of a nonlinear, non smooth objective function by the minimization of a smooth, linear objective function with convex constraints (Nocedal and Wright, 1999) .
Reformulating the restriction on the number of VaR violations
Due to the presence of an indicator function, the restriction on the number of VaR violations in (9) is non differentiable, discontin uous and non convex. We propose a convex approximation by elim inating the indicator function while keeping its argument, which leads to 1 250
where d is a parameter that must be calibrated in order to achieve the desired result regarding the number of VaR violations over the last 250 observations. The procedure to calibrate this parameter is detailed in Section 3.5. Note that under this approx imation, our displeasure regarding a VaR violation grows as the constraint becomes ''more violated''. In other words, this approx imation implies that VaR violations of greater magnitude are more penalized than those of less magnitude, which makes sense from a practical point of view. Note that this feature is not cap tured by the indicator function as, in that case, VaR exceedances of smaller magnitude have the same importance as those of greater magnitude. Moreover, the proposed approximation is the best convex approximation to (9); see Boyd and Vandenber gue (2004) . In sum, based on the reformulation of the objective function in (12) and of the constraint on the number of VaR violations in (13), the optimization problem based on (8) (11) 
Note that the optimization problem (14) is a second order cone formulation (Nocedal and Wright, 1999; Boyd and Vandenbergue, 2004; Grant and Boyd, 2008) . Therefore, the problem can be accu rately solved in practice with low computational effort.
A final, technical comment about the optimization problem in (14) concerns the penalty factor k. Since the MCR portfolios are dy namic in the sense that the optimal portfolio weights have to be re calculated on a daily basis, the penalty k also should be updated based on the actual number of VaR violations over the previous 250 trading days. This means that a minimum of 250 realizations of the MCR portfolio returns and corresponding VaRs are required to start evaluating and updating k. In order to be conservative, dur ing the first 250 observations we set k = 1 in the computation of the capital requirements, which is the highest value that the pen alty factor can take. After the 250th trading day, we update k according to the values presented in Table 1 . Moreover, to ensure a consistent portfolio evaluation we focus on the capital require ments and the number of VaR violations obtained after the 250th day.
Empirical application
We evaluate the performance of the MCR strategy for two port folios with different types of assets. In the optimization problem in (14), we adopt a daily target portfolio return of N = 4 bp, corre sponding to an annual target return of 10%. Furthermore, we focus on the case in which only long positions are allowed by imposing a no shortselling restriction, i.e. w P 0.
Data sets
We consider portfolios constructed from two sets of different types of assets. 4 The first set consists of 30 futures contracts on equity indices (S&P500, NASDAQ, DJIA, Canada 60, FTSE, CAC, DAX, IBEX, MIB, Nikkei, Hang Seng, SGX, Bovespa, IPC), 10 year gov ernment bonds (US, UK, Germany, and Japan), currencies (Euro, British Pound, Japanese Yen, Canadian Dollar, Swiss Franc, Austra lian Dollar, Mexican Peso and Brazilian Real) and commodities (gold, silver, wheat, and crude). For each contract, we measure re turns in Dollars, and implement appropriate adjustments for roll overs from one futures contract to the next. The second set of assets comprises 48 industry portfolios of US stocks. 5 For the two sets of assets we obtain daily observations from March 1, 2000 until July 4 We have considered a third data set consisting of all stocks that belonged to the S&P100 index during the complete sample period. This yields a total of 81 stocks. 
Expected returns and conditional covariances
Computing a VaR measure for a given portfolio requires estimates of the expected returns and the conditional covariance matrix of the included assets; see (6). In our empirical application these inputs are obtained from multivariate parametric models.
Expected returns are obtained from a VAR(1) model for the return vector R t+1 ,
where C is an N Â 1 vector of constants, U is the N Â N autoregres sive matrix, and e t+1 is a vector of shocks (or unexpected returns), which are assumed to be temporally uncorrelated and conditionally Normal distributed with a positive definite conditional covariance matrix H t+1 .
We consider two of the most popular specifications for the con ditional covariance matrix: the Risk Metrics model and the dy namic conditional correlation (DCC) model of Engle (2002) . Moreover, we also consider the (unconditional) shrinkage estima tor of the sample covariance matrix proposed by Ledoit and Wolf (2003) , motivated by its ability of dealing with the estimation error in large covariance matrices.
Widely used by practitioners, the Risk Metrics (RM) approach consists of an exponentially weighted moving average scheme to model conditional covariances. In this approach, the conditional covariance matrix is given by
with the recommended value for the model parameter for daily returns being k = 0.94. Time varying conditional correlation models are currently one of the most promising alternatives to model and forecast condi tional covariances; see Engle and Sheppard (2001) for comprehen sive theoretical and empirical analysis. One of their greatest advantages is that they have a smaller number of parameters than traditional multivariate models, such as VEC and BEKK models and, therefore, can be applied to problems involving a large number of assets. DCC models are based on the decomposition of the condi tional covariance matrix H t+1 into conditional standard deviations and correlations, that is
where D tþ1 diag h 1;tþ1 p ; . . . ; h N;tþ1 p with diag ( ) being the operator that transforms a N Â 1 vector into a N Â N diagonal ma trix. The conditional variances h j,t+1 , j = 1,. . . , N, are assumed to fol low a standard univariate GARCH(1, 1) model. P t+1 is a symmetric positive definite conditional correlation matrix with elements q ij,t+1 , where q ii,t+1 = 1, i, j = 1,. . ., N. In the DCC model the conditional cor relation q ij,t+1 is given by q ij;tþ1 q ij;tþ1 q ii;tþ1 q jj;tþ1 p ;
where q ij,t+1 , i, j = 1,. . ., N, are collected into the N Â N matrix Q t+1 , which is assumed to follow GARCH type dynamics,
where z t = (z 1t , . . ., z Nt ) with elements z it e it = h it p being the standardized unexpected returns, Q is the N Â N unconditional covariance matrix of z t and a and b are non negative scalar param eters satisfying a + b < 1. 6 Our third and final approach to model the covariance matrix is the shrinkage estimator of Ledoit and Wolf (2003) (LW) . Shrinkage estimators are becoming very popular in the portfolio construction literature due to their ability to reduce the estimation error in large covariance matrices. For instance, Wolf (2003, 2004) report improved results in terms of portfolio performance when the shrinkage estimator is used vis à vis traditional estimators such as the sample covariance matrix. In this paper, we consider the shrinkage estimator proposed by Ledoit and Wolf (2003) , which is defined as an optimally weighted average of the sample covariance matrix and the covariance matrix based on Sharpe (1963) single index model. The intuition behind this shrinkage estimator is to come up with an optimal convex combination between an unbiased covariance matrix estimator that may be subject to substantial estimation error (i.e. the sample covariance matrix) and another estimator that possibly is biased but has considerably less estima tion error (i.e. the covariance matrix from the single factor model). In this model the returns of asset i are described by:
where r mt is the market portfolio return. 7 The residuals t i are as sumed to be uncorrelated with market returns and to exhibit no se rial correlation. The covariance matrix F of the returns R t implied by this model is: 
where w is the shrinkage intensity and S is the sample covariance matrix. A closed form solution for the optimal shrinkage intensity (minimizing the distance between the true and estimated covari ance matrices based on the Frobenius norm) is provided by Ledoit and Wolf (2003) . 
Benchmark portfolios
We consider three alternative benchmarks for the purpose of comparison with the proposed MCR portfolios. The first benchmark 6 The parameters of the DCC model are usually estimated using the two-step procedure proposed by Engle and Sheppard (2001) and Sheppard (2003) . However, Engle et al. (2008) point out that when the dimension of the portfolio increases, this two-step estimator can be severely downward biased due to an undiagnosed incidental parameter problem. Therefore, in this paper, we estimate the parameters of the DCC model by the composite likelihood (CL) estimator proposed by Engle et al. (2008) . Essentially, this method is based on the decomposition of the original estimation problem into many small subproblems in such a way that the composite likelihood is constructed by summing up the quasi-likelihood of subset of assets. By summing up over many subsets, the CL estimator does not require the inversion of large covariance matrices. In the case where all distinct pairs of the returns in the system are used, the CL involves O(K 2 ) calculations, which is much smaller than the O(K 3 ) implied in the maximization of the standard likelihood function, where K is the number of unique pairs of data. Consequently, the CL estimator is much faster. Furthermore, Engle et al. (2008) show that the CL estimator is not affected by the incidental parameter problem. Instead of all distinct pairs, in this work, we implement the CL estimator using all contiguous pairs of data, which implies O(K) calculations; the extensive Monte Carlo results reported in Engle et al. (2008) show that the choice of contiguous pairs can be successfully applied in problems involving hundreds of assets. 7 We follow Ledoit and Wolf (2003) and use an equally weighted combination of the assets belonging to the portfolio under consideration as the 'market portfolio'. 
In (23), we adopt the same target return and the no shortselling restriction used to obtain MCR portfolios. The second benchmark portfolio is a minimum sVaR (Min sVaR) portfolio. This is obtained from an optimization problem analogous to (23), but replacing the conditional mean and the con ditional covariance in the objective function by their stressed counterparts l tþ1 and e H tþ1 . In the resulting Min sVaR optimization problem we adopt the same target return and the no shortselling constraint used to obtain MCR portfolios.
As a third benchmark, we consider the equally weighted (or 1/N) portfolio, which has been extensively studied in the empirical liter ature. For instance, DeMiguel et al. (2009b) find that the 1/N port folio outperforms (in terms or Sharpe ratio and turnover) 14 widely used portfolio strategies, such as mean variance and mini mum variance. Therefore, it seems natural to compare our proposed portfolio against this simple but powerful portfolio in which all the assets have the same weight. We note that the 1/N portfolio returns are independent of the method used to model and forecast the ex pected returns and the conditional covariance matrix. On the other hand, the VaR estimate, the level of capital requirements, and the number of VaR violations are affected by these methods.
Stress scenarios
The sVaR measures the risk of extreme losses if the relevant market factors were experiencing a period of stress. As mentioned before, the amendments to the Basel accord do not provide specific implementation details concerning the stress scenarios, except that they should typically involve lower expected returns, higher volatilities and more extreme correlations in agreement with empirical evidence; see Alexander (2009, Chapter IV.7) . We con sider three alternative stress scenarios that reflect the impact of relevant changes or 'haircuts' to the conditional moments of the asset returns on the estimation of the sVaR. In this scenario, we apply a haircut to the conditional expected when ''stressing'' the correlation matrix is that the resulting matrix e P t may not be positive definite. To circumvent this problem, we employ the approach proposed by Qi and Sun (2010) , which is de signed to obtain the nearest positive definite correlation matrix in the context of the sVaR.
Definition of the haircut parameters
In order to obtain the stressed conditional moments for each of the stress scenarios defined above, it is necessary to define specific values for the haircut levels to be applied to expected re turns, volatilities, and correlations. Our choices for the haircut levels are similar to those considered in the stress testing exer cise conducted by the European regulatory authorities; see Com mittee of European Banking Supervisors (2010). Specifically, we set the haircut applied to the expected returns such that they be come equal to 20% (in annualized percentage points). Moreover, we set the haircut applied to the volatilities such that volatility for each individual asset doubles. Finally, we set the haircut applied to the correlations such that the correlations (which typically are positive) among each pair of assets doubles. Consid ering that some assets may already have correlations larger than 0.5, we choose to 'cap' the correlations at 0.95, i.e. set q ijt min ð2 q ijt ; 0:95Þ.
It is worth noting that, in the case of the futures portfolio, some currencies and commodities are often considered to be 'safe ha vens', so that during crisis periods their prices increase rather than decline. The same may also apply to (some) government bonds. By making this assumption, we may increase the expected returns of those assets, rather than lower them. We assume that gold, silver, Swiss Franc, and US government bonds are such 'safe havens' and that their expected returns are increased by 20% (in annualized percentage points). Accordingly, we assume that the correlations with the equity index futures (and other bonds, currencies and commodities) fall by half. For the 'non safe haven' bonds, curren cies, and commodities, we assume a decline in expected returns and an increase in correlation with the equity index futures using the same haircut levels discussed above.
Implementation details
We use a rolling window of s = 1000 observations to estimate the parameters of the models that are used for generating the ex pected returns and the conditional covariance matrix. The follow ing stepwise procedure is then used to obtain optimal MCR portfolios:
1. Using the observations for t = 1,. . . , s, estimate the coefficients in the VAR (1) model (15) and in the model for the conditional covariance matrix. The properties of the Min-VaR portfolio have been extensively studied by Alexander and Baptista (2002) . It is shown that the solution to the VaR minimization problem is always distinct from the solution to the variance minimization problem. Moreover, the Min-VaR portfolio at the 99% confidence level is a mean-variance efficient portfolio with expected returns greater than the expected return of the minvariance portfolio. 10 In unreported results, we consider a fourth stress scenario in which only correlations are stressed. The results are similar to those obtained under the stress scenarios reported here and are available upon request.
5. Move to the next window with observations t = 2,. . . , s + 1 and repeat steps 1 4 until the end of the sample is reached.
After completing these steps, we have a total of T s out of sample observations for the portfolio return and one step ahead estimates of the portfolio VaR and sVaR, where T denotes the sam ple size. The following two points, related to our choice of models for the conditional covariance matrix, are useful to note. First, the Risk Metrics approach does not involve any unknown coefficients as we set k = 0.94. Second, the shrinkage estimator of Ledoit and Wolf (2003) assumes that the covariance matrix is constant during the estimation window. When the shrinkage estimator is computed using an estimation window up to observation s, we set the condi tional covariance matrix H s+1 equal to the resulting estimate.
The performance of the MCR portfolios depends on a good choice of the parameter d in (13), which controls the desired max imum number of VaR violations. In order to calibrate this parame ter, we use the following cross validation procedure.
11 Using the parameter estimates in the models for the conditional mean and for the conditional covariance matrix obtained with the first window of s = 1000 observations, we solve the MCR porfolio optimization problem in (14) for t = 250, . . . , s 1 for a range of values of d. We then pick the value of d that minimizes the average capital require ments such that for each observation the maximum number of VaR violations (over the most recent 250 days) is less than or equal to 9, which is the upper bound for the yellow zone according to Table 1 . The selected value for d is used to obtain the MCR portfolios for the remaining observations of the data set. This procedure is imple mented separately for each of the models for the conditional covari ance matrix discussed in Section 3.2 and also for each of the stress scenarios discussed in Section 3.4.
Out of sample evaluation
Most important for the evaluation of the MCR portfolios are the characteristics of the daily capital requirement (DCR) and the num ber of VaR violations, both in an absolute sense and compared to the benchmark portfolios. For each specification of the covariance matrix (RM, DCC, and LW), we consider the mean daily capital requirement (''mean DCR''), the average number of VaR violations (''Mean Hit''), the maximum number of VaR violations (''Max Hit''), and the fraction of days for which the number of VaR viola tions is either in the green zone (i.e. below 5) or in the red zone (i.e. above 9). The statistics concerning the VaR exceedances are based on rolling periods of 250 out of sample observations, which is the time period established by the Basel II accord to evaluate the finan cial institutions' VaR disclosures.
We also examine the portfolios' performance in terms of the average gross return ðlÞ, standard deviation of returns ðrÞ, Sharpe ratio (SR) and turnover. These statistics are computed as follows:
ðjw j;tþ1 w j;t þ jÞ;
where w j;t þ is the portfolio weight in asset j at time t + 1 but before rebalancing and w j,t+1 is the desired portfolio weight in asset j at time t + 1. As pointed out by DeMiguel et al. (2009b) , turnover as defined above can be interpreted as the average fraction of wealth traded in each period.
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To measure the impact of transaction costs on the performance of the different portfolios, we consider the average portfolio returns net of transaction costs,l TC , defined aŝ
where c is the fee to be paid for each transaction. Instead of assum ing an arbitrary value of c, we report the value of the breakeven transaction cost (Han, 2006) . In other words, we report the value of c that makes the average portfolio return net of transaction costs equal to zero. Note that, when comparing two alternative portfolio strategies, the one with a higher breakeven cost is to be preferred. To test the hypothesis that the capital requirement levels, the number of VaR exceedances, and the Sharpe ratios obtained with the MCR portfolios and with the benchmark portfolios are equal, we follow DeMiguel et al. (2009a) and use the stationary bootstrap of Politis and Romano (1994) with B = 1000 bootstrap resamples and expected block length b = 5. 13 The resulting bootstrap p values are obtained using the methodology suggested in Ledoit and Wolf (2008, Remark 3.2) .
Results

Original Basel II capital requirements
We first consider the MCR portfolios in (14) using as objective function the original Basel II capital requirement formula in (1), which does not involve the stressed VaR. For this reason, we do not include the Min sVaR portfolio in this analysis, but limit the comparison with the Min VaR and 1/N portfolios as benchmarks. Table 2 reports the daily capital requirements, the number of VaR violations, and the performance of each portfolio strategy in terms of average gross returns, standard deviation of returns, Sharpe ratio, turnover, and breakeven transaction costs. Returns, standard deviation and Sharpe ratios are annualized. Returns and volatilities are reported in percentages and breakeven transaction costs in terms of basis points (bp).
The results for the mixed futures portfolio in Panel A of Table 2 indicate that, irrespective of the model used for the conditional covariance matrix, the MCR portfolio achieves its purpose in the sense that it leads to lower mean capital requirements than the Min VaR and 1/N portfolios. The lowest mean DCR of 1.10% is achieved when the Risk Metrics model is used. Reassuringly, these lower capital requirements do not come at the expense of a larger number of VaR violations. In fact, the mean number of VaR excee dances (Mean Hit) for the MCR portfolios is always lower than for the two benchmarks, except when the DCC model is used as the Min VaR portfolio performs slightly better in this respect. For all covariance matrix specifications, the mean number of VaR excee dances for the MCR portfolios is below 4, which corresponds with the upper bound of the green zone in Table 1 . Therefore, the per centage of days spent in the green zone (such that the penalty fac tor k in (1) is equal to zero) is quite satisfactory, and considerably higher than for the two benchmark portfolios. Except for the 1/N portfolio when the LW model is used, none of portfolio policies suf fer from more than nine VaR violations during the previous 250 11 See Efron and Gong (1983) for a detailed explanation and DeMiguel et al. (2009a) for an application in the context of portfolio optimization. 12 Note that, in the case of an equally weighted (or 1/N) portfolio composition, we have w j,t = w j,t+1 = 1/N, but w j;t þ may be different due to changes in asset prices between t and t + 1. 13 We performed extensive robustness checks regarding the choice of the block length, using a range of values for b between 5 and 250. Regardless of the block length, the test results for the differences in capital requirements, VaR exceedances and Sharpe ratios are similar to those reported here.
business days at any point in time, such that the red zone is never entered. In terms of the traditional performance criteria, the aver age gross returns of the MCR portfolios vary between 3.5% and 4.5%, falling short of the annualized target return of 10%. The same holds for the Min VaR portfolio. The 1/N performs better in terms of mean returns, but this is accompanied by a standard deviation that is twice as large as for the MCR and Min VaR portfolios. Con sequently, the risk adjusted performance measured by the Sharpe ratio are similar across the different portfolios and are never signif icantly different. Turnover is substantially lower for the MCR port folios compared to the Min VaR portfolios, such that the breakeven transaction costs are considerably higher for the MCR portfolios. As expected, by far the lowest turnover is achieved by the 1/N portfo lio, since changes in portfolios compositions are solely due to changes in asset prices. In fact, for this data set, the best perfor mance in terms of returns, turnover and breakeven transaction costs is achieved by the 1/N portfolio. This result corroborates pre vious findings in the literature, such as DeMiguel et al. (2009b) regarding the outperformance of the 1/N portfolio vis à vis more sophisticated portfolio strategies.
The results for the US industry portfolios in panel B of Table 2 also illustrate the trade off between capital requirement levels and the number of VaR violations mentioned above. At first glance, one could argue that the MCR portfolios do not perform well, in the sense that they render a higher mean DCR than both benchmark portfolios. This conclusion is, however, misleading: The lower cap ital charges for the benchmark portfolios come at the expense of a very high number of VaR violations, leading to a rather substantial fraction of days spent in the red zone. As discussed before, this is highly undesirable due to potential damaging effects on the banks' reputation regarding their risk management systems. For instance, using the DCC model for the Min VaR portfolio delivers an average and maximum number of VaR violations equal to 10.53 and 18, respectively, leading to a total of 34% of days in the red zone. On the other hand, for the MCR strategy, the corresponding numbers are 2.67 and 5, altogether avoiding the red zone during the entire out of sample period. In terms of portfolio performance, the re sults are largely in favor of the MCR strategy. The MCR portfolios deliver average gross returns substantially higher than the Min VaR and 1/N portfolios for all covariance matrix specifications, and also higher than the annualized target return of 10% when the DCC model or LW approach are used. In those cases, even though volatility of the MCR portfolios is higher as well, the Sharpe ratio of the MCR portfolios is significantly higher than those of the two benchmarks. Again we find that the turnover for the MCR port folio is lower than for the Min VaR portfolio in all situations. The higher gross returns combined with the lower turnover lead to breakeven transaction costs for the MCR portfolio that are much higher than those for the Min VaR portfolio.
New Basel II capital requirements
Next we examine the MCR portfolio strategy when the amend ments to the Basel II accord involving the sVaR are taken into ac count. Tables 3 5 report the results for capital requirements and performance measures for all portfolio policies under stress sce narios 1 3, respectively. The characteristics of the stress scenarios are discussed in Section 3.4. Capital requirements are computed according to the new Basel II specification in (2), which does re quire the estimation of the sVaR. For each stress scenario, we ob tain the sVaR estimates using the haircut values discussed in Table 2 Baseline empirical analysis: daily capital requirements, number of VaR violations and portfolio performance. The table reports the average daily capital requirement (Mean DCR), the average and maximum number of VaR violations (Mean Hit and Max Hit, respectively), and the fraction of days the number of VaR violations are within the green zone (i.e. below 5) and within the red zone (i.e. above 9). Capital requirements are measured in percentages and are based on the original capital requirement formula established in the Basel II accord. The Table also reports the average gross portfolio return, the standard deviation of portfolio returns, portfolio turnover, the Sharpe ratio, and the break even transaction cost. Returns, standard deviation and Sharpe ratio are annualized. The annualized target return is 10%. Returns are reported in percentages and break even costs are reported in basis points. One, two, and three asterisks indicate that the statistic is significantly lower than that of the Min-VaR portfolio at the 10%, 5%, and 1% level, respectively. All figures are based on subsequent (rolling) periods of 250 out-of-sample observations. Section 3.4. The MCR portfolios are obtained by solving the optimi zation problem in (14). We now also include the Min sVaR as a third benchmark portfolio, in addition to the Min VaR and 1/N portfolios. Finally, in this case, we do not consider the LW model for the covariances because it is not clear how to decompose the LW covariance matrix into standard deviations and correlations in order to stress them. The results for the mixed futures portfolio reported in Panel A of Tables 3 5 are in line with the analysis based on the original Basel II capital requirement formulation as discussed above. When the Risk Metrics model is used, the MCR strategy delivers lower aver age capital requirements in comparison to all benchmark strate gies and across all stress scenarios. Compared to the baseline analysis, the mean DCR obviously increases substantially due to the extra term involving the sVaR in (2). The mean number of VaR exceedances declines accordingly, such that most of the time the number of violations during the past 250 business days does not exceed 4. The MCR portfolio based on RiskMetrics forecasts of the covariances experiences a short period with 10 historic VaR violations, such that during 1.3% of the out of sample period the red zone is entered. We also observe that all portfolio strategies deliver similar Sharpe ratios in all stress scenarios.
14 However, the MCR portfolios systematically achieve lower turnover than the Min VaR and Min sVaR portfolios, such that the breakeven transaction costs are considerably higher for the MCR portfolios in all specifica tions and across all stress scenarios.
The results for the US industry portfolios reported in Panel B of Tables 3 5 are even more favorable to the MCR strategy, where again it achieves a much better balance in terms of capital require ment levels and the number of VaR violations. In all stress scenar ios, although the average DCR for the MCR strategy is higher in comparison to the benchmark policies, the number of VaR excee dances under the MCR strategy is the lowest and never exceeds the upper bound of the yellow zone. For instance, when imple menting the DCC model for the conditional covariance matrices, the average number of VaR violations are 2.67, 3.09, and 2.78, in scenarios 1 3, respectively. The same numbers for the Min sVaR policy are 10.53, 9.66, and 8.50 which end up leading to a high frac tion of days in the red zone. Furthermore, the performance of the MCR strategy in terms of average gross returns and Sharpe ratio is consistently better in comparison to the benchmark strategies. Finally, we observe that in all stress scenarios the MCR strategy delivers lower turnover and considerably higher breakeven trans action costs in comparison to the Min VaR and Min sVaR policies.
To further illustrate the results, Figs. 1 3 plot, for scenarios 1 3 respectively, the evolution of the number of VaR violations over the previous trading year and the daily capital charge for the MCR (dashed line), Min VaR (solid blue line), and Min sVaR (solid cyan line) portfolios when the DCC specification is used for the condi tional covariance matrix. We also plot a horizontal line indicating the threshold value for the red zone (9 VaR exceedances in the pre vious 250 trading days). These graphs show that for the mixed fu tures portfolio the DCR and the number of VaR violations for the three portfolio policies are rather similar. For the US industry port folios, however, we observe that while the DCR is higher for the MCR portfolios, the number of VaR violations are much lower and equally important remain below the red zone threshold during the complete out of sample period. The Min VaR and Min sVaR portfolios, in contrast, deliver a number of VaR violations that are deep in the red zone during a large part of the out of sample period. (Mean Hit and Max Hit, respectively) , and the fraction of days the number of VaR violations are within the green zone (i.e. below 5) and within the red zone (i.e. above 9). Capital requirements are measured in percentages and are based on the current capital requirement formula established in the Basel II accord. The Table also reports the average gross portfolio return, the standard deviation of portfolio returns, portfolio turnover, the Sharpe ratio, and the break even transaction cost. Returns, standard deviation and Sharpe ratio are annualized. The annualized target return is 10%. Returns are reported in percentages and break even costs are reported in basis points. One, two, and three asterisks indicate that the statistic is significantly lower than that of the Min-VaR portfolio at the 10%, 5%, and 1% level, respectively. All figures are based on subsequent (rolling) periods of 250 out-of-sample observations. Two interesting results emerge from the analysis based on stress scenarios. First, we observe that as we move from scenarios 1 to 3 the average DCR tends to increase for all portfolio policies. This result is expected since the 'stress level' increases as we move Table 4 Daily capital requirements, number of VaR violations and portfolio performance for stress scenario 2. The Table reports the average daily capital requirement (Mean DCR), the average and maximum number of VaR violations (Mean Hit and Max Hit, respectively) , and the fraction of days the number of VaR violations are within the green zone (i.e. below 5) and within the red zone (i.e. above 9). Capital requirements are measured in percentages and are based on the current capital requirement formula established in the Basel II accord. The Table also reports the average gross portfolio return, the standard deviation of portfolio returns, portfolio turnover, the Sharpe ratio, and the break even transaction cost. Returns, standard deviation and Sharpe ratio are annualized. The annualized target return is 10%. Returns are reported in percentages and break even costs are reported in basis points. One, two, and three asterisks indicate that the statistic is significantly lower than that of the Min-VaR portfolio at the 10%, 5%, and 1% level, respectively. All figures are based on subsequent (rolling) periods of 250 out-of-sample observations. Table 5 Daily capital requirements, number of VaR violations and portfolio performance for stress scenario 3. The Table reports the average daily capital requirement (Mean DCR), the average and maximum number of VaR violations (Mean Hit and Max Hit, respectively), and the fraction of days the number of VaR violations are within the green zone (i.e. below 5) and within the red zone (i.e. above 9). Capital requirements are measured in percentages and are based on the current capital requirement formula established in the Basel II accord. The Table also reports the average gross portfolio return, the standard deviation of portfolio returns, portfolio turnover, the Sharpe ratio, and the break even transaction cost. Returns, standard deviation and Sharpe ratio are annualized. The annualized target return is 10%. Returns are reported in percentages and break even costs are reported in basis points. One, two, and three asterisks indicate that the statistic is significantly lower than that of the Min-VaR portfolio at the 10%, 5%, and 1% level, respectively. All figures are based on subsequent (rolling) periods of 250 out-of-sample observations. from scenarios 1 to 3. Recall that in scenario 1 we only stress ex pected returns, while in scenario 3 we stress expected returns, vol atilities and correlations. Consequently, the DCR levels tend to increase. For instance, when the DCC model is used, the average DCR for the MCR strategy under stress scenarios 1 3 are 2.45%, 2.90%, and 3.02%, respectively.
Second, previous studies found that the static 1/N portfolio out performs several sophisticated dynamic portfolio strategies in terms of risk adjusted performance and transaction costs. While we corroborate this finding, we also note that the performance of the 1/N portfolio may be not so promising from the risk manage ment point of view. For instance, in the mixed futures portfolio, Summarizing the results in Tables 3 5, the optimal MCR portfo lios outperform the benchmark portfolios in several aspects. First, the MCR portfolios achieve a better balance between capital requirement levels and the number of VaR violations in compari son to the benchmark portfolios. The average number of VaR viola tions under the MCR portfolio strategy is the lowest in the vast majority of the specifications for the conditional covariance matrix and in all stress scenarios considered. Second, and in contrast to the competing portfolio strategies, the maximum number of VaR violations for the MCR portfolio almost never exceeds the yellow zone upper bound. Third, MCR portfolios achieve a better perfor mance in terms of gross returns and Sharpe ratios in comparison to the Min VaR and Min sVaR benchmarks (at least for the US industry portfolios). Finally, turnover for the MCR portfolio is lower than for the Min VaR and Min sVaR portfolios, which together with the higher gross returns results in substantially higher break even transaction costs.
Robustness checks
A potential concern about the results presented above is that they could be driven by a specific choice of the portfolio target re turn, of the re balancing frequency, or of the econometric specifi cations for the expected returns. In order to rule out this possibility, in this section we briefly summarize the results from an extensive sensitivity analysis to check the robustness of the MCR portfolio's performance to changes in each of those settings. We report the detailed results of the robustness checks in a web appendix available at https://sites.google.com/site/andreportela/ MDCR_portfolios_JBF_web_appendix.pdf.
The results of the robustness checks are reassuring. First, we find that results are not sensitive to the level of the daily target return N in (10), which we vary between 2, 4 and 6 bp (equivalent to annual target returns of 5%, 10% and 15%). For the futures port folio, the performance of the MCR strategy in terms of average DCR and the number of VaR violations is similar to those obtained with the benchmark policies regardless of the values of N considered.
However, the MCR strategy delivers lower portfolio turnover, such that the breakeven transaction costs are higher in comparison to the benchmark strategies. For the US industry portfolios, the MCR strategy delivers a lower average number of VaR violations, higher average gross returns, higher Sharpe ratio, lower portfolio turnover, and higher breakeven transaction costs in comparison to the Min VaR and Min sVaR policies, irrespective of the target re turn. Finally, we conclude that an increase in the target return leads only to a less than proportional (i.e. marginal) increase in the average gross returns and in the average Sharpe ratios.
Second, the (relative) performance of the MCR strategy is not dri ven by the portfolio re balancing frequency. The results discussed above are based on the assumption that investors adjust their port folio on a daily basis. The transaction costs incurred with such frequent trading can possibly deteriorate the net portfolio perfor mance. Obviously this effect can be reduced by adjusting the port folio less frequently, such as on a weekly or monthly basis, which in fact is done in practice by many institutional investors. A draw back of re balancing the portfolio less frequently is that the portfo lio weights become outdated, which may harm its performance. We examine the performance of the MCR, Min VaR and Min sVaR port folio strategies under daily, weekly and monthly re balancing fre quencies. As expected, we find that lowering the re balancing frequency results in a substantial reduction in portfolio turnover. Other characteristics are hardly affected, neither in terms of abso lute levels nor in terms of relative values for different portfolio strategies. This holds both for the capital requirement levels and VaR violations, as well as traditional performance measures such as the Sharpe ratio.
Third, our results are robust to the model specification used for the expected returns. The VAR(1) model in (15) 13 unknown coefficients. Its use for generating expected returns thus entails a large amount of estimation uncertainty for the values of N considered in this paper. As a more parsimonious alternative we consider using univariate AR(1) models for each individual asset, i.e. the matrix U in (15) is restricted to be diagonal. A drawback of this simplification is that it ignores possibly important dynamic cross correlations among the assets in the portfolio. The results of this robustness check indicate that regardless of the specification used for the conditional covariance matrix, the MCR portfolios con tinue to perform better than the benchmark portfolios when ex pected returns are obtained from univariate AR(1) models. Compared to the results based on the unrestricted VAR(1) model, we observe that for the mixed futures portfolio, the average DCR and the average number of VaR violations tends to be higher when univariate AR(1) models are used. However, the results for the US industry portfolios are mixed. Finally, we find that in the vast majority of the cases, modeling expected returns with AR(1) mod els results in higher Sharpe ratios and higher breakeven transac tion costs compared to those originally obtained with a VAR(1) model.
Concluding remarks
Banks and other large financial institutions tend to overesti mate the VaR of their asset portfolios during tranquil times and to underestimate their risk in times of stressed market conditions, as documented in previous empirical studies. The VaR overestima tion during quiet periods results in prohibitive amounts of regula tory capital requirements, thus generating opportunity costs and giving rise to reputational concerns. On the other hand, the under estimation of risk levels is unattractive as it may lead to an exces sive number of VaR violations and higher than expected losses. Furthermore, the regulations in the Basel II accord impose a pen alty on the regulatory capital in case VaR exceedances occur too frequently, such that lower VaR estimates may actually increase capital requirements. The procyclicality of VaR estimates does not only have drawbacks for the banks involved, but is also unde sirable from a regulator's point of view. Given that underestima tion of the VaR during periods of turmoil appears to be widespread across banks and other financial institutions, this prac tice results in a high level of systemic risk. For this reason, recent amendments to the Basel II accord prescribe that regulatory capital should account for the downside risk under stressed market cir cumstances, in addition to the regular VaR.
In this paper we proposed a novel approach based on active portfolio selection that aims to alleviate these problems. The meth odology involves setting portfolio weights in order to minimize the level of capital requirements, but subject to a restriction on the number of historical VaR exceedances during the preceding year. Other constraints, involving, for instance, the target performance of the portfolio may be incorporated in the portfolio construction as well. An empirical application to two portfolios composed of dif ferent types of assets demonstrates that the proposed approach is able to provide a much better balance between capital requirement levels and the number of VaR violations compared to the mini mum VaR portfolio, minimum stressed VaR, and the 1/N portfolio under alternative, realistic stress scenarios. This result is robust to the specifications of the expected returns and of the conditional covariance matrix, as well as to the level of target returns, and to the portfolio re balancing frequency.
